Introduction
In A biologist with microarray data who seeks guidance in the literature may be overwhelmed by the large number of different methods.
As statisticians and other mathematical scientists promote methodologies that they helped develop, there is little guidance for a conscientious investigator who needs to decide what analyses to perform.
In fact, many methodologies are substantially similar, but this is often not apparent in the literature. By understanding the similarities among methods, an investigator might then understand the differences and has a better chance of making a truly informed decision.
The goal of this paper is to conceptually organize some of the key methods for two-color microarray data analysis. It is intended to summarize some of the methodologies in a way that illuminates the hidden similarities and true differences among them. "True differences" refers to the fact that methods may be presented differently but yield the same effective analysis and have identical implications for experimental design. For example, it is not a coincidence that the comparisons of microarray designs using a regression model as in reproduce the results in Kerr and Churchill (2002) , where an ANOVA model was employed. Although the data models in the two papers appear to be quite different, I will show such models actually differ only marginally. By understanding such connections, the differences between various methodologies should also become clearer.
A microarray experiment involves many decisions that can effect the conclusions, including (1.) What RNA samples will be collected and which pairs will be hybridized together (experimental design)? (2.) What method of image analysis will be used and will the data be adjusted for background (data extraction) ?
(3.) How will the raw data be used to estimate relative gene expression, and how will differential expression be decided (normalization, estimation, statistical inference)? (4.) How can the data be explored to suggest high-order structure, or how can gene expression be used as predictors, classifiers, etc.
(clustering, discrimination analysis, etc.)? This paper concentrates on methodologies contained in (3.), but is not intended as a comprehensive review of all techniques described by (3.). Normalization methods are covered in detail elsewhere (Cui et al, 2002; Quackenbush, 2002; ; and many others). This paper is directed at a set of techniques whose aim is to combine information across arrays and estimate and infer relative expression.
This covers a large set of analytical tools, but not everything. My purpose is to offer a framework in which to organize a substantial subset of the methodologies in use.
Brief reviews of two-color spotted microarray technology (Schena is applied to all the data at once, across genes. Method 4 is a twostage approach, where the first stage applies to all the data but the second stage is applied gene by gene. Method 1 is a model for logratios whereas Methods 2, 3, and 4 are applied to log red and green intensity values. However, as will be discussed, all four methods are related despite these apparent differences.
Notation
After image-processing, a microarray dataset is a set of Cy3 and
Cy5 intensity values for the set of arrays that were hybridized and for the genes spotted on the arrays. These intensities are either background-adjusted or not depending on the decision at step (2.) above. For every gene g spotted on the arrays used in an experiment the data contain a Cy3 and Cy5 intensity measurement. I use the following notation throughout this paper. Let y ijkg be the intensity for gene g on array i from dye j. The subscript k indicates which RNA sample the measurement represents. By the experimental design chosen by the investigator, i and j determine the variety k. In other words, the investigator has chosen which RNA sample to label with dye j for hybridization to array i. Thus the subscripts i, j, and g suffice to identify a data value in the data array.
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The y ijkg are assumed to be on log or similar scale and any preprocessing is assumed to be complete. Informally, the y ijkg are "normalized log intensities," where quotation marks acknowledge that this designation is imprecise because a multitude of different data transformations are currently in use. Regardless of these transformations, I
refer to within-spot differences in the y ijkg as "log-ratios" in line with convention.
Methods
Before describing Methods 1-4, I first describe a simple microarray analysis based on comparisons of log-ratios. For gene g on the i th array, the log-ratio is log-ratio ig = y i2−g − y i1−g .
The RNA-identifying subscripts k are omitted in (1) since they are determined by the array i and the dye j.
For simple experimental designs some very straightforward microarray analyses can be performed using log-ratios. Suppose an experimental design uses a "reference" RNA in one channel of every array (say channel 1), as depicted in Figure 1 
The left-hand side of (2) is the log ratio for gene g from array i. The parameters of the model are the differences in gene expression d kg .
Model (2) An advantage using this model framework, rather than just comparing log-ratios, is that one then is able to consider designed experiments. For example, consider data from a 3-loop microarray design ( Figure 3 ). The goal in analyzing data from such a design is to appropriately combine all the data relevant to a particular comparison.
In the 3-loop, RNAs A and B are compared directly on array 1 but also indirectly on arrays 2 and 3. The array 1 comparison is direct,
and thus more precise, and should be given more weight. log-
The 
The model is applied separately for each gene. Note the subscript g appears in every term in (3) and could be suppressed. In contrast to Method 1, the data for this analysis are the individual Cy3 and Cy5 log intensities rather log-ratios. This might seem like a drastic change, but it is not. Estimates of expression differences among samples are linear combinations of log-ratios, just like with the linear model on log-ratios.
For example, starting from (3) and taking within-spot differences gives
Notice the left-hand side of (4) is a log-ratio and has expectation
Differences in the estimated values of the V kg parameters estimate differences in expression and are derived from log-ratios.
Such examination shows that models (2) and (3) produce identical estimates of gene expression differences.
ANOVA models such as (3) are well-known in classical statistics as models for "block" designs. Besides convenience and tradition, ANOVA models have other potential advantages over models on logratios (Method 1). First, model (3) has some important generalizations. For example, one can include a "dye-effect" D jg in (3) to account for genes that exhibit a dye-bias (Kerr et al, 2002b ):
Another generalization (and potential advantage) of the ANOVA formulation is that it allows one to consider treating the "spot effects,"
A ig , as random effects rather than fixed effects. This approach acknowledges that spot-to-spot variation is not pre-defined but arises from a series of random processes. There is precedent for randomeffects modeling in classical block design, where it is sometimes re- option is an ANOVA model that is "global" in the sense that it applies to the data for all the genes at once. Kerr et al (2000) introduced these models for microarray data. Such a model is:
The parameter µ in the model is the overall mean across all factors -arrays, dyes, and genes. A i is the overall effect of array i, D j is the overall effect of dye j = 1, 2, and (AD) ij is a "channel" effect for dye j on array i. Notice none of these terms has a g subscript -they are "global" effects, describing variation across genes. These terms produce the sorts of linear normalizations that are often done informally. G g is the overall effect of gene g across the other factors and corresponds to the term µ g in Method 2. The (AG) ig terms capture spot effects, and correspond to the A ig terms in Method 2.
The (V G) kg effects represent levels of signal intensity for genes that can specifically be attributed to the RNA varieties under study. These correspond to the V kg terms in Method 2 and are the effects of interest.
Differences in these terms estimate gene expression differences between varieties of RNA, i.e. for RNAs k and k , relative gene expression is
What are the differences in estimates of expression differences between Method 1 and 2 (which are equivalent) and Method 3? Method 3 is actually single-gene ANOVA on the data that has been "centered,"
meaning that the average intensity from every channel on every array is set to 0. (Technically, this equivalence is mathematically exact only if the same set of genes is spotted on every array in the experiment with no missing data.) In other words, global ANOVA correspond to single-gene ANOVA on the data x ijkg = y ijkg − y ijk· (a · indicates averaging over a subscript). In practice, the adjustment y ijkg → x ijkg is very small because y ijk· is usually small due to normalization processes that are typically done prior to these analyses.
Method 4. Two-stage ANOVA As already suggested, Method 3 can be re-written as a two-stage model. First, fit a "centralization"
The parameters A i , D j , and AD ij in (7) are interpreted as in (6) . The residuals of this model, x ijkg , become the data in the second stage, which is applied one gene at a time: Each of 7680 clones was double-spotted on each array in two separate grids so that each array contained two sub-arrays. Substantial intensity-dependent and spatial variation was observed in the log ratios, but the pattern of spatial variation differed on the two sub-arrays contained each array. Therefore normalization was done separately for each sub-array. Normalization was done with via a "loess" procedure to adjust for intensity-dependent and spatial artifacts (Cui et al, 2002 ). In the following analyses, I also treated sub-arrays as independent arrays, implying a repeated 3-loop design as in Figure 3 When spot effects are treated as fixed effects, estimates of relative expression are linear functions of "within-spot" differences, i.e. logratios. For example, in a simple 3-loop (Figure 3(a) ), the comparison of RNAs A and B for a given gene is given bŷ
The numerical subscript on the y's refers to the array (as denoted in Figure 3(a) ) and the letter in the subscript refers to the RNA. The superscript F denotes the model with fixed spot effects. For the design in the data example (Figure 3(b) ), the estimate can be expressed in the same form by averaging measurements from replicate hybridizations.
Notice that each expression inside parentheses in (9) has expectation V A − V B , but the first is given double weight since its variance is half as much.
When spot effects are treated as random effects, let α 2 denote their variance. The estimate of relative gene expression is more complicated than in the fixed-effects case, as it now depends on α 2 as well as the error variance σ 2 :
The superscript R denotes the estimate with random spot effects. An instructive form in which to express the estimate is:
ThusV R A −V R B is a weighted average of the fixed effects estimatê V F A −V F B from (9) and the quantity 1 2 (y 1A + y 3A − y 1B − y 2B ). Note that this latter quantity is a simple contrast of the observations from variety A and the observations on variety B. It is an unbiased estimate of V A −V B since the spot effects are random variables with expectation 0. Notice that as
In other words, if spot variation is much larger than measurement error, then the estimate of V A − V B using random spot effects will be close to
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